A cochlear implant is an electronic device which can restore sound to completely or partially deaf patients. For surgical planning, a patient-specific model of the inner ear must be built using high-resolution images accurately segmented. We propose a new framework for segmentation of micro-CT cochlear images using random walks, where a region term estimated by a Gaussian mixture model is combined with a shape prior initially obtained by a statistical shape model (SSM). The region term can then take advantage of the high contrast between the background and foreground, while the shape prior guides the segmentation to the exterior of the cochlea and to less contrasted regions inside the cochlea. The prior is obtained via a non-rigid registration regularized by a statistical shape model. The SSM constrains the inner parts of the cochlea and ensures valid output shapes of the inner ear.
Introduction
Hearing impairment or loss is among the most common reasons for disability. Worldwide, 27% of men and 24% of women above the age of 45 suffer from hearing loss of 26 dB or more [1] . The cochlear implant (CI) is a surgically placed device that generates hearing by direct electrical stimulation of the auditory nerve fibers. Even if cochlear implantation is able to restore hearing in patients with severe or complete functional loss, the level of restoration varies highly between subjects and depends on a variety of patient-specific factors [1, 2] . The HEAR-EU 1 project aims at reducing the inter-patient variability in the outcomes of surgical electrode implantation by improving CI designs and surgical proto-cols using computational models. These models are generally built from the segmentations of high-resolution images, in which intra-cochlear structures are visible. In this context, we propose a method that enables an accurate segmentation of the inner ear in micro-CT images which contain the cochlea (in charge of translating vibrations induced by sound into electrical nerve signals sent to the brain) and the semicircular canals, which are part of the balance system (see Fig. 1 ).
The segmentations play a crucial part in the generation of accurate patient-specific computational models, which can guide implant design, insertion planning and selection of the best treatment strategy for each patient [2, 3] .
Most high-resolution segmentations of the inner ear are aimed toward the generation of tetrahedral models for simulations. There are a few studies on semi-or fully automatic inner ear segmentation from micro-CT data. However, due to the complexity of the anatomical structure, it is generally a manual procedure. One approach is based on 2D snakes to obtain the cochlea [4] , but it requires a high degree of user interaction to locate the initial contour and adjustment of the parameters. Another approach is based on statistical shape models (SSMs) [5] , where the high-resolution segmentations are used to build a statistical model and assist the segmentation of low-resolution cochlear images. Using such Fig. 1 Inner ear scheme showing the cochlea and the semicircular canals which are the auditory and balance parts of the inner ear, respectively a technique to segment other high-resolution images would require a large amount of processed training data sets to learn the correct anatomical variability and to obtain sufficiently accurate results.
In order to alleviate these issues, Ruiz Pujadas et al. [6] proposed a new algorithm using random walks with a distance-based shape prior, which is robust independently of the chosen prior and which requires no user interaction. Random walks-based image segmentation has become very popular, since it is able to deal with weak boundaries efficiently, and its extension to 3D and to multi-label segmentation is straightforward [7] . There are some techniques to include prior knowledge into random walks. For example, in [8] , random walks are constrained by a spatial shape prior model for pedestrian segmentation. A similar work applied to the skeletal muscles was proposed by Baudin et al. in [9] . The segmentations in both works may fail when the average model is too different from the target image or the registration is not very accurate. Therefore, Baudin et al. proposed a new technique by introducing principal components into the random walks [10] . However, the method only yields an approximate solution [11] . In order not to be constrained to the average shape, the guided random walks were proposed [12] , where the closest subject in the database is retrieved to guide the segmentation. The weak points of this method are that all the samples of the training data must be considered.
Grady extended the standard random walks segmentation method to include unary node information and added a nonparametric probability density model which allows localizing disconnected objects, and eliminates the requirement for user-specified labels [13] . In this work, we use this framework to incorporate the shape prior into the random walks formulation and segment the cochlea.The main contribution of this paper is the incorporation of the statistical shape model (SSM) via non-rigid registration into the random walks formulation. Additionally, it also employs a confidence map to adapt the influence of the prior according to the gradient of the image. A topology preservation method is also proposed to avoid leakage in the interior and turns of the cochlea [14] . This paper extends a previous conference communication [15] by presenting a more detailed description of the method, as well as a novel way to regulate the influence of the confidence map in the proposed formulation. We also present novel results, including a thorough analysis of the method as well as a comparison with other similar methods. In the remainder of this paper, we explain the details of the proposed method and show the experimental results on micro-CT images of the inner ear.
Materials and methods
Random walks algorithm is used to perform the inner ear segmentation. An image can be represented as a graph where the nodes are the pixels of the image, and the weights represent the similarity between nodes. Vertices marked by the user as seeds are denoted by V m and the rest by V u . Given some seeds, v j ∈ V m , the random walker assigns to each node, v i ∈ V u , the probability, x s i , that a random walker starting from that node first reaches a marked node, v j ∈ V m assigned to label g s as opposed to first reaching a node, v j ∈ V m with label g q =s . The random walks segmentation is then completed by assigning each free node to the label for which it has the highest probability [7] .
An extension was proposed in [13] by incorporating a probability density model based on the gray-level intensity for each label. Let λ s i be the probability density that the intensity at node v i belongs to the intensity distribution of label s. The modified random walks formulation is as follows [13] :
where the first term is the original random walks formulation, Λ s is the diagonal matrix with the values of λ s on the diagonal, p is the number of labels, γ is a free parameter and L is the Laplacian matrix defined as:
Here, L i j is indexed by the vertices v i and v j , and d i is defined as d i = n j=1 w i j where n is the number of nodes. The weight function can be computed as:
where I i is the intensity at pixel i and β is a free parameter related to the bandwidth kernel. The weight range is between 0 and 1 and the higher the weight, the larger the similarity between pixels [16, 17] . The minimization of the functional in Eq. 1 is obtained by solving the following system:
For more details, we refer to [13] . In this work, we use this framework to perform image segmentation, but instead of using an intensity-based distribution, we propose a more robust density estimation considering region information as well as shape prior knowledge given by a SSM. The region term, based on intensities, allows detecting the contours of the cochlea and the statistical shape model allows discarding the areas with the same intensity profile which do not belong to the cochlea. We explain them in detail in the remaining part of the section.
Region term
The region term partitions the image with regard to intensities (bright against dark). One of the partitions contains the inner ear among other non-cochlear structures which have a similar intensity profile (and will be discarded with the shape prior). The procedure to estimate the region term is as follows. Since there is a good contrast between the cochlea and the surroundings, we can represent them by two Gaussian components fitted to the histogram obtained from one slice of the image. A Gaussian mixture model (GMM) estimates a parametric probability density function as a weighted sum of Gaussian densities to model background and foreground partitions in the image. The Gaussian mixture is defined as:
where K is the number of Gaussian components, μ k is the mean, Σ k the covariance and π k are the mixture coefficients which can be interpreted as prior probabilities, and hence,
Then, the parameters are estimated by expectation maximization (EM) [18] and the region-based term can be defined as:
where X i is the pixel indexed by i, l is the label and p(X i |O) and p(X i |B) are the probabilities of pixel at i belonging to object and background intensity, respectively.
Shape prior knowledge
The shape prior is computed to discard areas that do not spatially belong to the cochlea, but have a similar intensity. The initial shape prior is obtained by performing a non-rigid registration between the target and reference images. We refer to this procedure as a statistical non-rigid registration. The transformation is then applied to the segmented reference image that results in the initial shape prior. From its contour, the distance-based prior is built. The details of this procedure are described in detail in this section.
Initial shape prior
The use of a SSM can provide a realistic first prior to initialize the segmentation process, and further be a source of plausible shape regularization. From a training data set of 17 micro-CT images with corresponding manual ground-truth inner ear segmentations, one data set was chosen as the reference. The 16 remaining data sets are in turn aligned to the reference using the registration model described in [19] . The output of each registration is a vector of deformation parameters (more specifically, a description of a B-Spline deformation field). A PCA on the deformation fields provides a statistical description of the deformation variability in a reduced parameter space.
This SSM models how the reference image, I R , is allowed to deform to match another target image, I T . In practice, this alignment to the target object regularized by the SSM is performed as a non-rigid image registration between the data sets [20] . The transformation that best aligns the two images, T η : I R → I T , is described by the vector η containing qparameters, which is found by optimization of a similarity function, C:
The chosen transformation model is the learned SSMi.e., a B-Spline transformation regularized to be within the allowed deformation variability. The similarity function, C, is an image similarity measurement using normalized correlation coefficient. No further regularization terms are needed in the similarity function, since the SSM inherently enforces regularization.
From the statistical non-rigid registration, the deformation between the grayscale reference and target images is applied to the segmentation of the reference data set to obtain the initial shape prior. An example of this procedure is shown in Fig. 2 .
In addition to obtaining the initial prior from the statistical non-rigid registration between the grayscale target and reference images, we can use the same procedure to constrain the Fig. 2 Construction of the initial shape prior. A non-rigid registration constrained by the SSM finds the transformation that aligns the reference to the target image. This deformation applied to the binary segmentation of the reference image results in the initial prior Fig. 3 Updating the shape prior after random walks segmentation. Non-rigid registration constrained by the SSM between the segmented reference and the current segmentation provides the new shape prior random walks segmentation in every iteration. In this case, the registration is performed between binary segmentation obtained by the random walks and the segmented reference image. In this way, a new prior is obtained, which is constrained to have a valid cochlea shape as shown in Fig. 3. 
Distance-based shape prior
Once the shape prior regularized by the SSM is obtained, a distance map from the contour of the prior is built. The idea is that given an estimation of the location and shape of the object to segment, pixels close to the shape contour are more likely to be labeled as foreground and vice versa. The formulation can be defined as follows [21] :
where d(i, Θ) is the distance of a pixel i from a shape Θ, being negative inside the shape and positive outside the shape. Here, μ is the ratio of points that lie outside the shape to the points inside the shape and d r is the "width" of the influence of the shape.
Then, the shape prior term is:
Confidence map
It may be interesting to adjust the influence of the prior according to the strength of the image contour (i.e., reducing the weight of the prior where strong contours are present). To do so, we compute a "confidence map" that represents strong contours with values close to 0 and homogeneous regions with values close to 1. The confidence map is obtained using the formulation:
where σ 2 r (i) is the variance at pixel i computed on a patch with radius r and k v is a free parameter. Using this formulation, we obtain a map with a small weight close to 0 in high-gradient areas of the image (i.e., strong edges) and the opposite in flat regions. This map is used to weight the contribution of the region and shape prior as explained in the next section. The influence of the confidence map is regularized by a weighted band around the contour of the prior minimizing any leakage or artifacts in the segmentation.
Combining region and prior knowledge terms
The shape prior and region terms are combined as:
where k balances the contribution of the shape and region term and k c regulates the influence of the confidence map with respect to the shape prior. This weight k c is defined only in a band around the contour of the prior (narrow band). The higher the value, the higher the region strength on edges is. Adding this narrow band with a corresponding weight k c , the influence of the confidence map can be better adjusted around the prior and the rest of the image is not affected minimizing leakage and other artifacts. This energy function combines the region and shape information, which are incorporated into the random walks formulation (using E total normalized between 0 and 1) in the λ s in Eq. 1. An example of the combination of both terms is illustrated in Fig. 4 . Given the original image and the initial prior provided by the SSM, the Gaussian mixture model and distance-based shape prior are computed weighted by a confidence map, and then, both terms are combined using Eq. 11. For simplicity, the values of the region term close to 0 will be directly discarded in the segmentation, having an E total (l i = object) = 0 as this is always satisfied.
Iterative segmentation algorithm
To sum up, the pipeline of the algorithm, which is illustrated in Fig. 5 , is as follows:
1. A statistical non-rigid registration of the target image with the grayscale reference data set is performed as described in Sect. 2.2.1 and the distance-based prior is computed with Eq. 8. 2. The region term is estimated with Eq. 6 and combined with the distance-based prior in Eq. 11. 3. The random walks segmentation is performed using Eq. 4. 4. The current segmentation is statistically non-rigidly registered with the segmented reference data set to obtain a new prior constrained by the SSM. 5. Go to step 2 until convergence or until the maximum number of iterations is reached. In order to avoid merging in the non-contrasted areas of the inner ear (e.g., turns of the cochlea and the semicircular canals), a topology preserving method is proposed using the unit outward normal vector of the contour. When two vectors within certain distance are pointing in opposite directions, the contour around those points (windows) is not allowed to evolve along the segmentation contour to prevent leakage. This approach detects the interior and different turns of the cochlea and prevents them from merging, whereas the exterior of the cochlea can evolve around the prior until it converges. We refer to [14] for more details on the topology preservation method for the cochlea.
Experiment and results
The proposed approach was tested in 10 micro-CT data sets of the inner ear where each ear belongs to a unique subject. Every data set contains around 213 slices with an average size of 413 × 275 pixels. The original 3D data set was downsampled from a nominal isotropic resolution of 24.5-49 µm for computational efficiency reasons. We use 17 labeled data sets to build the SSM. The execution time for the statistical non-rigid registration is on average around 133 s. However, the time can be reduced by reducing the number of iterations performed during the registration. The computational time of the random walks segmentation with the calculations of the weights of the graph as well as the region and shape prior terms is around 41 s in average including the execution time of solving the random walks system given by Eq. 1 which has a mean running time of 12 s. Figure 6 illustrates some inner ear segmentation results using our approach. It is shown that the segmentation corrects inaccuracies of the prior adjusting the contour to the high-gradient areas of the image (edges) using the confi- dence map. The interior of the cochlea and the non-contrasted regions are preserved thanks to the shape prior and the topology preservation method which does not allow leakage in these areas. The arrows in Fig. 6 show areas where the segmentation is more adjusted to the contour of the image than the initial prior, giving satisfactory segmentation results. The segmentation of three different data sets is also shown in Fig. 7 . In this case, the 3D segmentation as well as the corresponding slices are illustrated. In this example, we can observe from the 3D volume that the topology of the cochlea shape is preserved and that the contour of the segmentation is adjusted to the edges of the image, whereas the interior of the cochlea and less contrasted areas are conserved.
To quantify the segmentation quality for the proposed method, we compute the following measures: overlap, sensi- Fig. 7 Inner ear segmentation. a Segmentation in 3D. b Slices of the 3D segmentation. c Ground truth tivity, specificity and similarity. 1 The following parameters were used for the proposed approach to produce the results: β = 90 in Eq. 3, γ = 0.8 in Eq. 4, d r = 0 and μ = 1.0 in Eq. 8, k v = 0.5 in Eq. 10 and the total number of iterations are 4 with k = 0.8 in Eq. 11.
To find some guidance for setting the parameters, the sensitivity of the method regarding these parameters was 1 The performance measures are defined as: overlap = using the probability distribution with respect to the standard random walks. When γ parameter takes a small value, the random walks behavior of segmenting areas with similar intensity profiles accentuates creating leakage in areas that do not belong to the cochlea. When the γ value increases, the influence of the prior also increases (provided that the influence of the prior is high with k ≥ 0.7) discarding the areas which do not belong to the inner ear. The most sensitive parameter found was k which is very simple to select by choosing a higher influence of the prior than the region term (e.g., k ≥ 0.7) in order to avoid leakage in areas with the same intensity as the cochlea but avoiding the highest values (e.g., k ≥ 0.9) as the result will be more similar to the prior shape as expected, including possible artifacts that the prior can have.
The proposed method is compared with the latest techniques in random walks for prior incorporation such as guided random walks [12] and constrained random walks [8] . It is also compared with the segmentations obtained from the statistical shape model algorithm (initial prior) and an atlas-based non-rigid registration, implemented in [6] , as baselines. All parameters are optimized manually for all approaches. The prior for all techniques is obtained as follows. The proposed approach obtains the initial prior by deforming the segmentation of the reference data with the deformation field obtained by the statistical non-rigid registration. The guided random walks use as a prior nine different data sets and their corresponding ground-truth segmentations. The guided random walks are performed for every single data set in the training set and the segmentation with the highest Dice score is given. The constrained random walks use a probabilistic map built by averaging nine aligned data sets in the training set and then registered rigidly to the target object. Table 1 summarizes the average performance for the inner ear segmentations. We can observe that the SSM algorithm attains a lower performance than the atlas-based method due to the limited number of training data sets. However, the results of the SSM are constrained to a valid cochlear shape, an important feature for further analysis. Our approach gives better overlap, similarity and specificity than the other methods while maintaining the advantages of using a statistical model. This is due to the weighted combination of the distance map prior with the region term. The table also shows the benefit of using the confidence map. This map increases the influence of the energy term in high-gradient areas of the image around the prior and helps the adjustment of the contour to the exterior of the cochlea. As this influence on the prior is constrained within a narrow band, it only affects areas close to the prior mini- Table 1 Average performance measures for the inner ear using the following methods: our approach with confidence map (CM), our approach without CM, an atlas-based non-rigid registration, SSM used to obtain the initial prior, guided random walks (guided RW) and constrained random walks (constrained RW) The standard deviation is shown in parentheses. The best value for each measure is highlighted in bold mizing or avoiding any possible artifact or leakage in other structures. The interior part of the cochlea, which is composed of the non-contrasted areas, is recovered by the prior through the SSM, which is updated iteratively enforcing a valid shape of the cochlea. Thus, it is clear that for internal regions, this method relies on the statistical prior which constrains the shape of these areas, and for the exterior of the cochlea, the region term with the prior provides promising results even when the prior shape has some artifacts.
Discussion
We presented a new framework for the inner ear segmentation in micro-CT using random walks which is able to deal with weak boundaries efficiently. The region term can then take advantage of the high contrast between the background and foreground, while the shape prior guides the segmentation to the exterior of the cochlea and to less contrasted regions inside the cochlea. In this work, the statistical shape model segmentation is performed using a statistical non-rigid registration, which allows constraining the inner ear to a valid shape. We evaluated the accuracy of our segmentation results given by the proposed approach and compared it with the latest techniques of random walks with prior knowledge. The experiments suggest that the proposed approach is robust and accurate for the inner ear segmentation in micro-CT.
Despite the limited sample size, the resulting segmentations are accurate. Moreover, the same data have been used for further analysis [1] [2] [3] where it has shown to be representative of the different patient variations. Thus, we believe that the proposed method will generalize well to other data sets. Note that this type of ex vivo data are scarce, difficult to get and very time-consuming to segment manually.
As future work, it would be interesting to investigate the use of this method on non-regular grids such as proposed in [22] . This would allow reducing the computational complexity of the proposed methods.
